At the planning of autonomous microgrid including a variety of dispatchable distributed energy resources (DDERs) and wind turbine generator (WTG), the droop coefficients of DDERs should be properly scheduled to yield both the economic dispatch among multiple DDERs in steady state and the satisfactory dynamic behavior of microgrid in transient. Therefore, a method to design the optimal droop coefficients of DDERs considering the volatility of wind power generation is proposed in this paper. First, the wind power uncertainties are modeled by a limited number of scenarios with high probabilities. Then, a multi-objective optimization model of droop coefficients compromising between the operational cost and the integral of time-weighted absolute error (ITAE) index which indicates the dynamic behavior of the microgrid with the variation of wind power generation and load is developed. Finally, the optimization is done using differential evolution (DE) algorithm. The simulation results show that the economy and stability of the microgrid can be improved significantly using the proposed method.
Introduction
Nowadays, microgrid offers multiple advantages for the operation of power system [1] [2] [3] [4] . As beneficial for improvement of power quality, reduction of future grid reinforcement and reliability of combined heat and power (CHP) supply to end-user, the application of microgrid is expected to increase dramatically in future.
A wide range of DERs can be integrated into the microgrid through power electronic inverters. In terms of active power control, those DERs can be categorized as nondispatchable or dispatchable units. Nondispatchable DERs (NDERs), such as wind turbine generators, operate according to the maximum power point tracking (MPPT) concept which allowing the full exploitation of renewable energy [5] . In contrast, dispatchable DERs (DDERs), such as micro turbines, fuel cells and gas engines are responsible for the power management to balance the instant power mismatch between generation and demand. Commonly, there are two control schemes of DDERs, one is centralized and communicated scheme [6] - [7] and the other one is decentralized scheme which based on droop control concept [8] - [10] . Due to its reliability and robustness, the droop control based scheme is more desirable for the microgrid operator.
According to the droop control concept, the injected power of each DDER is essentially determined by the droop coefficient of its inverter controller. The operational cost of microgrid can be minimized by properly scheduling the droop coefficients of each DDER so that the cheap and expensive units are forced to share relative large and small portions of unbalanced power between generation and demand. On the other hand, it has already been revealed that the stability of microgrid is also largely affected by droop coefficients [8] - [12] . With inappropriate settings, the dominant low-frequency mode of the system may drift to unstable region as the operating condition change, making the transient process more oscillatory and eventually, the instability may be yield. Hence, a method to design optimal droop coefficients of DDERs is needed to achieve not only the economic dispatch among DDERs but also the satisfactory transient process of microgrid with variation of wind power generation and load.
Furthermore, it is worth mentioning that the volatility of wind power generation could have a tremendous impact on microgrid operating conditions. Hence, it is essential to take into consideration the stochastic nature of wind power generation in the design process of droop coefficients. In this paper, the scenario analysis approach [13] - [14] is applied to model wind power uncertainties.
Inspired by the aforementioned consideration, this paper presents a multi-objective optimization model of droop coefficients compromising between the operational cost and the ITAE index which indicates the dynamic behavior of the microgrid with the variation of wind power generation and load. Due to the nonlinearity and complexity of the proposed optimization problem, the differential evolution (DE) algorithm is applied to solve this problem. The effectiveness of the proposed method has been demonstrated via numerical simulations. The original contribution of this paper is in providing an insight on how to manage a decentralized droop control based microgird 'economical' and 'stable' via scheduling of the droop coefficients.
The remainder of this paper is organized as follows. In Section 2, modeling of inverter-based microgrid is presented. Section 3 gives a brief description of scenario analysis approach which is used to model wind power uncertainties. In Section 4, the multi-objective optimization model of droop coefficients considering the volatility of wind power generation is proposed. Simulation results are provided to demonstrate the proposed method in Section 5. Conclusions are drawn in Section 6. Figure 1 shows the structure of the studied microgrid. A DDER is installed at bus 1-3 and a direct-driven wind turbine with permanent magnet synchronous generator is installed at bus 4. A ring topology network is used to ensure a high reliability of power supply. The inverter controller of wind turbine generator (WTG) employs the MPPT concept to output the captured wind power to the system. All the inverter controllers of DDERs employ the droop control concept to automatically undertake the unbalance power when the wind generation or load changes. Figure 1 . Structure of inverter-based microgrid Figure 2 shows the power circuit and control block diagram of the DDER interfaced inverter. For DDER, such as micro turbine, fuel cells and gas engine, an ideal voltage source from the DC side of inverter is assumed. The inverter controller includes power controller, voltage controller and current controller [8] . In Figure 2, 
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Power Controller
The power controller is used to generate the frequency ω and the d-axis reference output voltage v* od according to the droop characteristics set for the real and reactive powers. The block diagram of power controller is shown in Figure 3 . In Figure 3 
Voltage Controller
The voltage controller is used to synthesize the d-and qaxis reference filter-inductor current i* ld and i* lq by employing standard proportional-integral (PI) regulators with feedback and forward terms. Figure 4 shows the block diagram of voltage controller. In Figure 4 ,
are the proportional and integral gains of voltage controller, respectively; F is the feed forward gain.
The current controller is used to generate the command voltage vector v* id and v* iq which will be synthesized by a pulse-width-modulation (PWM) module of inverter. The structure of PI current controller with feedback and forward control loops is shown in Figure 5 . In Figure 5 , K pc , K ic are the proportional and integral gains of current controller, respectively. Figure 6 shows the power circuit and control block diagram of the wind turbine generator interfaced inverter. A time-varying DC source P wind which mimics the fluctuating wind power generation is assumed to connect at the DC side of inverter. The DC power P wind coming from the rectifier will be instantaneously transferred to the inverter DC terminal through a capacitor, and then to the grid through inverter. Assuming the inverter is lossless, the voltage of DC bus capacitor can be expressed as
Modeling of Wind Turbine Generator Interfaced Inverter
where C is the DC bus capacitance. 
PLL
The PLL form, shown in Figure 7 , is adopted to provide the rotation frequency ω and reference angle θ for the rotating frame of inverter output voltage. Θ will be used to transfer the voltage and currents from abc to dq and vice versa [15] . In Figure 7 , K ppll and K ipll are the proportional and integral gains of PLL, respectively. 
DC Bus Voltage and Reactive Power Controller
The DC bus voltage and reactive power controllers are used to set the d-and q-axis reference current i* ld and i* lq to the inner current control loops, respectively. Figure 8 shows the block diagram of this controller. In Figure 8 , K pDC , K iDC , K pQ and K iQ are the proportional and integral gains of DC bus voltage and reactive power controller; u* DC and Q * are the references of DC bus voltage and output reactive power of inverter (Q * is usually set to zero). 
Current Controller
The current controller which is essential for power quality improvement is utilized to provide the voltage reference v* id and v* iq of the inverter. The structure of the PI current controller with feedback and forward control loops is shown in Figure 9 . In Figure 9 , K pc , K ic are the proportional and integral gains of current controller, respectively. Figure 9 . Block diagram of current controller
Modeling of Wind Power Uncertainties
Scenario analysis approach has been used to model wind power uncertainties. This approach consists of three successive procedures. Firstly, wind power forecast is carried out based on an auto-regressive moving average
Current Controller
(ARMA) model describing the wind power forecast error [16] . Secondly, a huge number of scenarios are generated by Latin hypercube sampling (LHS) technology using forecasted data, mean and standard deviation of the forecast error at every time stage [17] . Finally, a scenario reduction technology is employed to produce a limited number of scenarios with high probability which would in turn decrease the computational requirement for simulating a large number of scenarios [18] .
Multi-objective Optimization Model of Droop Coefficients Considering the Volatility of Wind Power Generation
The assignation of a droop coefficient to each DDER in traditional method is usually based on an equitable load share in the form of m p1 P 1 0 =m p2 P 2 0 =…=m pn P n 0 =constant, n q1 Q 1 0 =n q2 Q 2 0 =…= n qn Q n 0 =constant, where P i 0 and Q i 0 are the rated active and reactive power output of DDER i [12] . It is remarkable that neither the economy nor the stability content is considered therein, the droop coefficients of DDERs are scheduled only based on rated power. In fact, the operational cost and the stability of the microgird are all closely related to the assignation of droop coefficients.
To minimize the total operational cost, the droop coefficient of each DDER should be selected carefully so that the DDER with high and low fuel cost can be forced to share a relatively small and large portion of unbalanced power between generation and demand. On the other hand, the stability of droop coefficients is also largely affected by the selection of droop coefficients. With inappropriate settings, the large overshoot or the oscillation would be yielded in the transient process of the microgrid with the variation of wind generation and load. In order to achieve both the economic dispatch among multiple DDERs in steady state and the satisfactory dynamic behavior of microgrid in transient with the variation of operating condition, a multi-objective optimization model of droop coefficients compromising between the operational cost and the ITAE index which indicates the dynamic behavior of the microgrid is proposed in this section. The multiobjective function is defined as 1 2
(2) where f 1 is the operational cost and f 2 is the ITAE index. SC is the scaling factor blends f 2 with f 1 , w is the weighing factor whose value varies between [0,1].
The operational cost f 1 is formulated as , , 
where k is the current sample time; k 0 is the starting time of wind generation and load change; T 0 is ending time of calculation. W is the weighting matrix; E abs s (k) is the absolute error vector in scenario s and it is defined as , , 
where f min and f max are the allowed minimum and maximum frequency, V j min and V j max are the lower and upper limits of bus j voltage magnitude, S i max is the inverter capacity of DDER i.
The proposed optimization problem is a constrained nonlinear optimization problem. DE is used due to the characteristics of being derivative free and effective to capture the global optimal. It is to be mentioned that in the optimization process, after calculating the objective function, all the constraints will be checked and a penalty term is added if any constraint is violated. The algorithm stops if there is no improvement in the objective function.
It is to be noted that the best compromise solution (Pareto-optimal solution) of (2) is highly dependent on the selection of weighting factor w. To help the microgrid operator make decisions, fuzzy logic theory is adapted which is shown below. 1) Divide the interval [0,1] into 10 subintervals and implement the optimization repeatly from w=0 to w=1 with an step increment of w=0.1. 
3) The best compromise solution can be found when normalized sum of membership function (9) is highest: 
Experimental Verification of Proposed Method
The microgrid system depicted in Figure 1 is used to demonstrate the proposed approach for finding the optimal droop coefficients. The rated frequency and voltage of microgrid is 50Hz and 380V, respectively. The allowed minimum and maximum frequency is 49.8Hz and 50.2 Hz; the lower and upper limit of bus voltage is 370V and 390V; the inverter capacity of each DDER is 300kVA. In our experiment, 3000 scenarios of wind power generation are generated and finally reduced to 10 scenarios which can represent the original process as close as possible. The wind power generation in 10 scenarios and the probability of each scenario are listed in Table 3 . The total load demand of the micriogird is shown in Table 4 and the load 1-3 share the total load with the ratio of 1:1:1. In the simulation, the boundary values of constraints in (7) are chosen as f min =49.8Hz, f max =50.2Hz, V j min =370V, V j max =390V, S i max =300kVA. We solve the optimization model presented in (2)- (7) using DE and determine the best compromise solution according to the fuzzy logic theory. The value of the objective function (2) is 0.0375 and the corresponding optimal droop coefficients of DDERs are shown in Table  5 . The convergence characteristic of objective function using DE algorithm is shown in Figure 10 . It can be seen that the convergence of objective function is very fast and the DE algorithm has a very good capability to find the global optimal of the proposed nonlinear optimization problem.
Under the control of these optimal droop coefficients, the system operation cost f 1 is $1483.3 and the ITAE index f 2 is 0.0229 respectively. If we only consider the minimization of operation cost, that is w=1 is utilized in (2) , f 1 will be $1276.6 which is lower than $1483.3, but f 2 will be 0.3452 which is very large than 0.0229. The system will have a very poor dynamic response characteristic. On the other hand, if we only consider the minimization of ITAE index, that is w=0 is utilized in (2), f 2 will be 0.0124 which is lower than 0.0229, but f 1 will be $1846.1 which is very large than $1483.3. The system will operate in an uneconomical power sharing scheme. The above comparison further validates the necessity to consider both the economy and stability in the design process of optimal droop coefficients. Figure 11 shows the responses of system frequency, voltage amplitude of bus3, active power of DDER2, reactive power of DDER1 with the optimal droop coefficients. The scenario 6 which has the largest occurrence probability is taken as example. To mimic the variation of operating condition in a day, the wind generation and load change in every 10s according to Table 3 It can be observed in Figure 11 that the microgrid has a very good dynamic performance with the optimal droop coefficients. When the wind generation and load change, the transient process exhibits small overshoot, little regulation time and rapid oscillation decay. All the operation constraints are maintained in the allowable range (the maximum frequency deviation is -0.16 Hz, the maximum voltage amplitude deviation is +0.5V, the maximum apparent power of DDERs is 241.1kVA).
If we only consider the minimization of operation cost, that is w=1 is utilized in (2), the system would probably has a very poor dynamic performance with the variation of operating condition. The system response with the economy based optimal droop coefficients is shown in Figure 12 . It can be observed that the transient process exhibits very large oscillation and the system will lose stability at time stage 19, 20 and 21. Figure 12 . The system responses with the economy based optimal droop coefficients This paper proposes a method for scheduling of droop coefficients to improve simultaneously the economy and stability of microgrid considering the volatility of wind power generation. A multi-objective optimization model of droop coefficients compromising between the operational cost and the ITAE index is presented. The simulation result validates the effectiveness of the proposed method and it is emphasized in this paper that both the economy and the stability of microgrid should be taken into consideration in the design process of droop coefficients. If not, the autonomous microgrid may suffer economy or stability degradation with the variation of wind generation or load demand.
